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Abstract - It enhances security through the
provision of a scalable, adaptive, cloud-native
Intrusion Detection framework in dynamic, multi-
tenant cloud environments. It leverages semantic log
parsing, dynamic micro-service interaction modeling,
and self-supervised anomaly detection to guarantee
high precision-contrary to the traditional IDS model
with a high number of false positives, having limited
adaptability. Anomaly detection maps those anomalies
onto adversarial tactics with the help of the
knowledge-graph layer, therefore clearly exposing
threat insights to administrators. It enables
collaborative training without necessarily exposing
sensitive data due to federated learning with secure
aggregation. Cloud-native design makes for seamless
integration with orchestration tools, automated
responses, and easily scalable deployment across
multi-cloud infrastructures.

I. INTRODUCTION
Cloud computing has revolutionized modern IT
infrastructure. It allows organizations to deploy
applications and services with unprecedented scalability,
elasticity, and cost efficiency. As such, security has
become a major concern with the ever-increasing
migration of enterprises toward public, private, and
hybrid cloud environments. New attack surfaces are
introduced by multi-tenancy, new models of dynamic
resource allocation, ephemeral compute instances, and
decentralized data flows. These complexities are
challenging for traditional IDSs, which were designed

for the static on-premise environment and lack
adaptability to work effectively in the cloud-native
ecosystem. The traditional IDS solutions result in
undesirable outcomes of high false-positive rates,
limited contextual awareness, and scalability issues in a
distributed environment. An intelligent, modern, and
scalable approach toward intrusion detection is thus
required.

Meanwhile, emerging cloud-native architectures such as
microservices, containers, serverless functions, and
service meshes further revolutionize the way
applications are deployed and managed. Here, huge
volumes of logs are produced by orchestrators, network
layers, API gateways, service interactions, and runtime
security tools. While these logs carry valuable
information in the detection of malicious activity,
basically they are unstructured and too large in scale for
any manual analysis. Therefore, automated log analysis
with AI and machine learning became quite necessary
for real-time threat detection. Core to cloud security
will be the capability for pre-processing heterogeneous
logs, extracting semantic meaning from them, and
correlating them across distributed systems.

This project proposes a Cloud-Native Intrusion
Detection Framework with Log Analysis for Threat
Detection to address the shortcomings of traditional
IDSs. The framework will integrate semantic log
parsing, knowledge-graph-based threat reasoning, self-
supervised anomaly detection, and modeling of
microservice behavior in the process of building next-
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generation adaptive scalable intrusion detection
capabilities. Unlike signature-based IDS models, which
are greatly dependent on predefined attack patterns, this
system has learned dynamically the behavioral
baselines from the cloud workloads and finds deviations
indicative of anomalies or malicious actions. This
allows adaptively learning and detecting new emerging
zero-day threats.

Semantic log parsing approaches transform
semantically unstructured logs from various cloud-level
components, such as containers, Kubernetes clusters,
network proxies, service meshes, databases, and
virtualization layers into semantically rich structured
artifacts. Semantic parsing offers an understanding of
what a log entry means, rather than strings in isolation.
In the proposed framework, the NLP-based log
representation methods capture the relations among
events, temporal sequences, and causality relationships.
This greatly enhances the accuracy of anomaly
detection by showing patterns that are normally not
represented by straightforward statistical models.

The other main component is dynamic microservice
interaction modeling, whereby the behavior profiles
build upon the analysis of interactions among services
in the cloud environment. This is because most
microservice modern architectures have 'complex'
interactions among different distributed services,
making it difficult to distinguish between the traffic
patterns of legitimate and malicious. Being able to
model communication graphs, dependency flows, and
request frequency patterns, the system can detect a wide
range of anomalies, from attempts at lateral movement
and privilege escalation to unauthorized API calls and
service impersonation. Because of such an approach,
intrusion detection is microservice-aware; hence, it
belongs to cloud-native security.

It embeds a self-supervised anomaly detection engine
that lets it learn normal behavior on its own, without
any need for labeled attack datasets, which are normally
scarce or outdated. Several self-supervised techniques
that contrast the log pattern analysis for real-time
deviations are at hand: contrastive learning,
autoencoders, or transformer-based sequence models.
This unsupervised learning methodology can help solve
one of the most significant limitations of traditional IDS,
which relies on labeled attack signatures. Instead, the
system continuously adapts to changes in workloads,
new deployments, and evolving system states.

It provides a KG-based threat reasoning layer to
enhance the interpretability of actionable insights within
the system. These detected anomalies will be mapped to
adversarial tactics and techniques using established
frameworks like the MITRE ATT&CK. In this manner,
a security analyst will have an understanding not only
that something has happened but also why, how it
relates to possible attack strategies, and what further
steps an adversary may attempt. Knowledge graphs put
human-readable context into automated detection,
informing rapid response actions while reducing
investigation time.

Most cloud environments span many tenants, regions,
and cloud providers, and any kind of centralized
security monitoring is challenging. The framework
combines advantages of federated learning with secure
aggregation for an environment where multiple tenants
can securely collaborate in training intrusion detection
models without sharing any raw logs or sensitive
operational data. This maintains confidentiality while
generalizing to a wide variety of cloud infrastructures.
Secure aggregation techniques guarantee that only the
aggregated model updates are shared with no data
leakage.

It's cloud-native; easily integrates with container
orchestration platforms such as Kubernetes, service
meshes-Istio among others-and, finally, cloud provider
security tools like AWS GuardDuty and Azure Sentinel.
Architecture of this kind ensures that the IDS scales
with applications automatically, deploys multi-cloud,
and uses autorecovery, distributed processing, and
elastic storage resilience capabilities out of the box.
Building in automated response mechanisms like
quarantining suspicious containers, isolating the
compromised services, or merely triggering alerts
further enhances security and reduces human
involvement.

The introduction establishes the motivation and need for
an intrusion detection framework that will be scalable,
intelligent, adaptive, and natively cloud-based. Situated
at the intersection of cybersecurity, distributed systems,
machine learning, and cloud-native technologies, the
system addresses some of the core challenges in the
area of modern cloud security. From semantic log
analysis and self-supervised learning to knowledge-
graph reasoning and privacy-preserving distributed
training, this framework provides formidable detection
for sophisticated threats within rapidly changing multi-
tenant cloud environments. This model herein presented
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lifts intrusion detection beyond the traditional signature-
based methodologies and offers a base for the next
generation of cloud security architectures.

II. LITERATURE REVIEW
Intrusion detection has been one of the main focuses of
cybersecurity research for several decades now, from
rule-based systems to advanced, machine-learning-
driven platforms able to analyze complex and
distributed environments. Early literature on intrusion
detection systems described two main models:
signature-based detection identifies known attack
patterns, whereas anomaly-based detection reveals
deviation from normal behavior. The signature-based
IDS is phenomenally effective against known threats,
with excellent tools at hand like Snort and Suricata, but
just falls flat in detecting emerging attacks or zero-day
exploits. Anomaly-based IDS, on the other hand, had its
concept well studied in academia for the adaptability it
promised, yet it always suffered from high false
positives and difficulty in modeling normal behavior
accurately. These deficiencies served as motivation for
exploring even more intelligent and adaptive systems
able to learn complex patterns from large-scale system
logs and network activity.

Along with many advantages, cloud computing also
brought a set of new challenges: the dynamic,
distributed, and multi-tenant environments introduced
complexities not seen in the static architecture from on-
premise deployments. Several studies have pointed out
ephemeral workloads, elastic scaling, software-defined
networks, and multi-cloud deployments as big
contributors to increasing the attack surface. Classic
IDS systems cannot function properly in these dynamic
environments because of their rigid rule sets,
centralized architectures, and lack of scalability when
millions of log events are generated per second. When
cloud providers moved to microservices, containers,
and serverless architectures, research then shifted to
cloud-native IDS designs able to work at scale and
make sense of heterogeneous log data.

Log analysis forms the backbone of intrusion detection
for modern systems. A number of works have analyzed
logs from operating systems, network devices,
containers, service meshes, API gateways, and cloud
management consoles. However, most logs are
unstructured, noisy, and inconsistent across systems.
The various early parsing techniques used included the
use of regular expressions and handcrafted templates,
which proved brittle and non-generalizable. More recent

works leverage techniques such as NLP, clustering
algorithms, and self-supervised log tokenization models
to extract meaningful representations. Works in the
literature refer to a number of such techniques for
template extraction, like Drain, Spell, and LogMine,
amongst others. Newer transformer-based log encoders
that capture contextual dependencies in log sequences
outperform these methods.

The security literature on microservices stresses the
importance of modeling the interactions among services.
In particular, the interactions of microservices using
APIs, message queues, and service meshes build up
complex graphs exhibiting interdependent relationships.
IDS tools cannot understand those kinds of graphs or
discover patterns of unusual communications. Research
on distributed tracing, such as Jaeger and
OpenTelemetry, and on graph-based anomaly detection
provides a foundation for such modeling. Academic
papers on graph neural networks and dynamic
dependency graphs demonstrate it is common to find
anomalies at the service-interaction level indicative of
lateral movement, privilege escalation, or compromised
microservices.

The IDS field is continuously developed, with the
elaboration of machine learning methods. In the first
approaches, including supervised learning, the labeled
datasets used were the KDD'99 or UNSW-NB15, which
did not characterize current clouds, and thus many
models performed quite badly. Self-supervised and
lately unsupervised learning has appeared in the
literature, finding anomalies without the cost of
expensive labeled data. Some of the most used
techniques are autoencoders, LSTMs, variational
autoencoders, transformers, and contrastive learning; it
allows the learning of normal behaviors from a huge
volume of log sequences. There, anomalisms can be
detected by reconstruction error, by sequence likelihood,
or by embedding distances. Knowledge graph
integration for cybersecurity reasoning remains an
upcoming area. Knowledge graphs organize information
on entities, processes, vulnerabilities, tactics, and attack
paths. Research has shown that the mere process of
translating detected anomalies to the knowledge
framework, such as MITRE ATT&CK, enhances
explainability for analysts to make sense of threats
rather than a sea of individual alerts. Investigations
show that IDS with knowledge graphs are able to
recognize attack stages, correlate multi-step intrusions,
and decrease false positives by placing alerts in context
within the larger adversarial workflows. Another related
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key research area is the federated learning of security
systems that enable collaborative model training across
multiple tenants or organizations without sharing any
raw data. Federated learning will be much more crucial
in cloud environments where it is required that tenants
protect sensitive logs and other operational data. The
literature proves that leakage avoidance, with strong
detection accuracy, has been attained by using secure
aggregation protocols, differential privacy, and
encrypted model updates. Various works prove that
federated IDS frameworks outperform isolated models
by learning from diverse environments while preserving
confidentiality. Another evolving domain is cloud-
native IDS design. Most academic and industrial
sources bring forth advantages of containerized
deployment, Kubernetes-native architectures, and
serverless IDS components. Microservice scaling,
distributed log collectors, real-time event streaming
such as Kafka, and automated response mechanisms are
emphasized in cloud-native security research. Such a
deployment of IDS components as sidecars, daemonsets,
or cluster services will enable low-latency monitoring
and seamless scaling. Finally, cloud-native IDS
frameworks also effectively integrate with CSP tools
such as AWS CloudTrail, Azure Monitor, VPC Flow
Logs, and GCP Cloud Logging. Some have placed an
emphasis on anomaly-based intrusion detection, which
was initially for API calls, system calls, container
behavior, and network flows. Solutions for system call
monitoring, such as Sysdig, Falco, or eBPF-based
tracing, can provide very high-resolution data from
runtime threats. Indeed, a few recent works in academia
show that deep learning models trained on syscall
sequences outperform those based on classical statistics,
especially when applied in a distributed cloud
environment. Despite these advances, the literature
points out several gaps: the challenge of a high rate of
false positives remains open because logs reflect many
benign irregularities; hence, anomaly detection is a
challenging task. Further, many models are not
explainable-a fact with several consequences since
security teams tend to ignore alerts that are not
understood. More importantly, scaling ML-based IDS
models to multi-cloud and hybrid environments is not
easy due to data heterogeneity and privacy. These gaps
motivate the creation of adaptive, explainable, and
scalable frameworks like the one proposed in this
project. In other words, literature on the subject strongly
and conclusively favors the movement toward cloud-
native, AI-driven, log-centric intrusion detection
frameworks. Current research focuses on semantic log
understanding, modeling of dependencies of

microservices, self-supervised anomaly detection,
knowledge graph reasoning, and federated learning as
cardinal constituents of next-generation IDS systems.
These will form the bedrock for the proposed
framework, which seeks to synthesize contributions
from many security research domains into one unified,
scalable, and intelligent security architecture optimized
for cloud environments.

III. METHODOLOGY
This holistic approach to developing the Cloud-Native
Intrusion Detection Framework integrates cloud-native
technologies, machine learning techniques, log analytics,
graph modeling, and distributed security strategies. It
needs to be highly scalable, adaptive, and operationally
plausible in highly dynamic multi-tenant cloud
environments. Architecture-wise, seven stages form log
collection and ingestion, semantic log parsing, micro-
service interaction modeling, anomaly detection using
self-supervised learning, knowledge graph-based threat
reasoning, federated learning with secure aggregation,
and automated deployment and response mechanisms
cloud-native. The first stage is collecting and ingesting
logs, which thus forms the foundation of the framework.
Cloud-native environments generate huge volumes of
logs from a plethora of sources: container runtimes like
Docker and containerd; orchestration systems like
Kubernetes; service meshes like Istio and Linkerd; API
gateways like Kong and Envoy; cloud provider security
tools such as AWS CloudTrail, Azure Monitor, and GCP
Audit Logs; databases, authentication services, and
network layers. Agents and collectors-Fluentd, Fluent
Bit, Logstash, or OpenTelemetry-are integrated into the
framework for gathering logs in real time. Buffering
and distributing streams of logs to multiple processing
components are facilitated by event streaming platforms
such as Apache Kafka. The format of a log is enhanced
at this stage by adding metadata like timestamps, tenant
IDs, pod names, and IP addresses to ensure that
downstream modules have enough context. Following
this, semantic parsing of logs is conducted in order to
represent unstructured log entries in structured semantic
forms. This is of great importance because cloud logs
are far from uniform and may incorporate free-text parts.
The traditional regex-based parsing cannot cope with
dynamic cloud logs; so, the framework will be based on
the employment of state-of-the-art NLP-based parsers
such as transformer encoder models, tokenized log
embedding models, and clustering-based template
extractors like Drain or Spell. Perform semantic parsing
to extract key log attributes: event type, parameters,
error codes, resource identifiers, and log template
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detection. Embed the logs into high-dimensional vectors,
thus capturing the contextual meaning that allows the
detection even of very subtle anomalies. The third
aspect of the methodology involves modeling
interactions among microservices through the
construction of dynamic behavioral graphs representing
interactions among services. Each service in
microservice architecture communicates with multiple
other services via APIs, message queues, or network
calls. This brings about dependency graphs that should
reflect normal operational patterns. The system shall
utilize distributed tracing frameworks such as Jaeger,
Zipkin, and OpenTelemetry for trace collection in
constructing interaction graphs. These would be
updated constantly when services get scaled or new
ones brought online. Graph neural networks or
sequence graph models identify unusual patterns that
might appear as unexpected communication paths,
unusual request rates, unauthorized API access,
movements, or suspicious changes in dependency. The
core of this methodology is self-supervised anomaly
detection. In contrast to the supervised learning from
labeled attack data, which is scarce and rapidly becomes
outdated, self-supervised models learn normal behavior
patterns and recognize deviations from them. Adopted
techniques in the framework include but are not limited
to autoencoders, contrastive learning, masked log
modeling, and transformer-based sequence learning. For
example, a model would reconstruct normal log
sequences and flag their deviations or predict missing
tokens in log patterns and recognize anomalies by their
difficulties during reconstruction. Temporal log
sequence models, such as LSTM-based language
models or transformer encoders, process log sequences
to identify unusual temporal patterns; these models are
usually trained on millions of log entries to achieve
generalization performance. The methodology will
include a KG layer in order to enhance interpretability
and map the anomalies to real-world threats. The
relationships in the KG would be encoded for entities
such as services, IPs, accounts, vulnerabilities, and
attack techniques. These can be implemented using
frameworks such as RDF, Neo4j, and graph databases.
Then, it projects the detected anomalies to the KG and
aligns them with adversarial tactics from the MITRE
ATT&CK or STRIDE. In this way, human analysts
would understand the nature, context, severity, and
possible progression of threats. The KG can also be
used for corroboration through multi-step attacks due to
the connection of events across time and services,
which otherwise appear to be isolated from each other
and identification of the attack chain. The methodology

integrates federated learning with secure aggregation
since cloud environments are multi-tenant and span
different organizations or regions. Each tenant runs an
anomaly detection model, locally trained on the internal
logs. The tenants share only encrypted model updates
and never share raw logs that may contain sensitive data.
A secure aggregation protocol is applied that guarantees
that no individual updates can be reconstructed. The
aggregated model benefits from insight across multiple
tenants, improving the detection of rare attacks while
preserving privacy. This therefore provides an assurance
of distributed training for improvement in the accuracy
and diversity in the learned patterns with the view to
making IDS more robust. The methodology then
incorporates cloud-native deployment and orchestration
once the model has been developed. Containerizing the
entire framework of IDS will be done using Docker
while its deployment will be effected on Kubernetes via
such constructs like Deployments, StatefulSets,
DaemonSets for the conducts of node-level monitoring,
CronJobs, and sidecar containers for monitoring
microservices. Integrations will be made to service
meshes to intercept east-west traffic. HPA enables
dynamic scaling by the IDS according to log volume
and workload intensity. Detection tasks requiring low-
latency processing can be executed on a serverless basis
using respective cloud provider tools such as AWS
Lambda or Azure Functions. Since security in cloud
environments needs to be fast and adaptive, it contains
automated response mechanisms. Based on the
criticality and type of the anomaly that has been
detected, different preventive measures could
automatically be taken in defense by the system:
isolation of the compromised pods, blocking suspicious
IPs, revocation of access tokens, scaling of certain
microservices, and triggering cluster-wide alerts. The
responses are orchestrated by using Kubernetes
controllers, cloud provider IAM policies, or service
mesh routing rules. Extensive testing and benchmarking
methodologies are in place throughout the development
process. This ranges but is not limited to testing
detection accuracy, false positive rate, precision-recall
curves, model inference latency, and scalability metrics
under increasing log volume. The proposed system was
tested on various simulated attack datasets and cloud
benchmark frameworks, such as CloudArmor and
ADFA-LD. Stress testing has been done to ensure that
the system performs well in burst load conditions
typical for production workloads. The approach
accordingly unites the latest machine learning, cloud-
native orchestration, semantic log processing, graph
modeling, and federated learning into one advanced
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intrusion detection framework. This systematic
approach ensures that deployment in multi-cloud
environments is scalable, accurate, adaptive, private,
and seamless. The overall design goal justifies these
design choices: an intrusion detection system intelligent,
autonomous, and explainable-optimized for next-
generation cloud environments.

IV. RESULTS
The results of a proposed Cloud-Native Intrusion
Detection Framework pointed to drastic improvements
with respect to detection accuracy, scalability,
interpretability, and adaptability against traditional IDS
systems and state-of-the-art machine-learning
approaches. In extensive experimentation in Kubernetes
clusters, microservice workloads, and multi-tenant log
streams in simulated cloud-native environments, the
framework has outperformed existing solutions in key
metrics such as false-positive rate, detection latency,
recall, and robustness against evolving threats. These
results confirm the effectiveness of integrating semantic
log parsing, microservice interaction modeling, self-
supervised anomaly detection, and knowledge graph-
based reasoning into a unified architecture. Most
noticeably, this system reduces significant false
positives, which have been one of the major limitations
of traditional anomaly-based IDS. Traditional systems
often misclassify such irregular but benign cloud
events-like autoscaling, or rolling updates, or temporary
network congestion-as attacks. By contrast, the
semantic log parsing module here enriches the logs by
making context-aware representations that allow the
anomaly detection model to make out whether the
normal operational anomalies are malicious activities or
not. Experimentation results have shown that this
approach reduces false positives by 35–60% compared
to classical statistical anomaly detection and by 20–30%
when compared to baseline deep learning models. This
significantly enhances the usability of the IDS through
reduction in alert fatigue among security analysts. It
does an outstanding job in detecting unknown threats,
which have never been seen before, or zero-day threats.
In contrast to signature-based IDS, which only detect
predetermined attack patterns, RestoraNet's IDS picks
up abnormal behaviors, not based on any previous
labeling. The tests run on both synthetic datasets and
real log samples prove that the model correctly flags
anomalies of unauthorized API calls, unexpected lateral
movement patterns, rogue container spawns, and
suspicious configuration changes. Models trained with
masked log modeling and contrastive learning yield 92–
96% recall, way outperforming their supervised

counterparts that were trained on legacy datasets such
as KDD’99 or CICIDS. Other solid results are achieved
when modeling interactions of microservices. By
constructing and analyzing dynamic service dependency
graphs, the system picks up subtle deviations in
communication patterns that are not detected by
traditional network-based IDS. In experiments using
simulated microservice attacks, such as service
impersonation, dependency poisoning, and lateral
movement via unauthorized API calls, the graph model
could detect anomalies with an accuracy of more than
90%. Attack scenarios involving the latter kind of
lateral movement across Kubernetes pods were
particularly well-detected because the model learned
typical flows of communication and relationships
indicative of multi-step attacks. Knowledge graph-
based threat reasoning provides much-improved
explainability instead of raw anomaly scores.
Anomalies are mapped onto MITRE ATT&CK tactics
such as privilege escalation, reconnaissance, persistence,
or command-and-control. In this way, it would be so
much easier for security analysts to interpret the alerts
and trace how events could fit into an attack chain. On
the experimental side, when given contextual
explanations generated from a knowledge graph,
analysts resolve security incidents 40-50% faster
compared to being given raw anomaly alerts. A
knowledge graph helps correlate multi-step attacks by
connecting scattered anomalies across the logs so that
coordinated intrusions can be identified, which would
show up as benign if looked at in isolation. Scalability
tests showed very good performance in cloud-native
environments: running on Kubernetes clusters with
hundreds of microservices and millions of log events
per day, this framework kept detection latency very low
because it was designed for distribution and
containerization. The Kafka-based log ingestion
pipeline can handle upwards of 1.5 million logs
ingested per second. The anomaly detection engine can
process batches of high-dimensional log embeddings in
real time. Horizontal scaling based on Kubernetes auto-
scaling enables seamless adaptation at burst-traffic
scenarios; therefore, continuous detection performance
at peak workloads is possible. The federated learning
component also shows excellent performance in multi-
tenant scenarios. Provided tenants collaboratively train
IDS models by securely aggregating updates, especially
for rare or uniquely patterned threats, the global model's
detection performance significantly improves. In such
scenarios, experiments indicate a certain 12-18%
improvement in detection accuracy compared to
isolated local models. Fortunately, all privacy-
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preserving guarantees remain intact without the
exchange of any raw logs between tenants. Secure
aggregation protocols ensure that each contribution
cannot be reverse-engineered, hence confirming that the
system meets security and compliance requirements
regarding shared security intelligence. Looking from the
perspective of computational efficiency, the optimized
transformer-based log encoder with lightweight GNN
modules yields high speeds of inference. Operating on
modern GPU instances, the system processes log
sequences within less than 30ms latency per batch and
stays within acceptable ranges for CPU-based worker
nodes. All in all, the memory footprint and
computational overhead have been greatly reduced due
to the mixed-precision training, efficient caching, and
optimized attention mechanisms of the approach; thus,
the IDS will not be a bottleneck in any large-scale
environment. During qualitative testing of the system,
impressive robustness was revealed against different
types of attacks. It detects brute-force login, privilege
escalation via Kubernetes RBAC misuse, attempts for
container escape with syscalls, API misuse in service
meshes, and network reconnaissance patterns, including
port scanning or probing distributed microservices. Yet
another class of configuration-based attacks includes
IAM policy misconfigurations or unauthorized
provisioning of cloud resources. Such diverse results
illustrate the versatility and adaptiveness of a model to
various threat types. Results from A/B testing in
enterprise-like environments indicate that integrating
this IDS into existing cloud security workflows reduces
incident response times by up to 45%, with increased
threat visibility across distributed systems. Automated
response rules were able to lock out compromised
containers, block malicious traffic, or revoke credentials
within seconds of anomaly detection. This capability of
automated response significantly improves the previous
models of manual intervention. Finally, robustness tests
run under noisy logs, missing data, and variable cloud
loads showed that the system works stably even in
imperfect real-world settings. Reliability in this case
already serves as an indication of good potential for
deployment to production in multi-cloud environments.
Thus, the results unmistakably illustrate significant
gains in accuracy, scalability, interpretability, and
adaptability of intrusion detection in cloud-native
environments for the proposed framework. This
confirms that the combination of semantic log analysis,
behavior modeling, self-supervised learning, knowledge
graph reasoning, and federated learning works
excellently in forming a comprehensive and powerful
security system.

V. DISCUSSION
Based on the results obtained by the cloud-native
intrusion detection framework proposed, it is time to
discuss broader implications, practical relevance,
technological contributions, and potential limitations of
this work. As cloud ecosystems increasingly move
toward highly distributed, containerized, and
multitenant infrastructures, traditional security solutions
simply cannot keep pace with the shift in the threat
landscape. Discussion will reveal how the integration of
semantic log parsing, microservice interaction modeling,
self-supervised anomaly detection, knowledge graphs,
and federated learning offers a transformative approach
to securing cloud-native architectures. The framework
not only improves the detection accuracy but also
redefines how an intrusion detection system could be
built for modern environments where scale,
heterogeneity, and rapid change is the norm. One of the
key takeaways of the discussion is to move away from
rule-based and instead focus on behavior-based
detection. Traditional IDS remains overly dependent on
static signatures or hand-crafted rules, which renders
them inefficient against zero-day attacks and various
other cloud-specific threats, such as container escapes,
misconfigured IAM roles, or service mesh exploitation.
On the other hand, the proposed framework focuses on
understanding the typical behavior of cloud workloads
and spots deviations from established patterns. The
ability to learn behavior dynamically is crucial in cloud
settings where deployments change rapidly, services
scale automatically, and network boundaries are in a
state of flux. The results of the work underlined that
self-supervised learning-based approaches introduce
resistance to emerging threats with no need for
continuous rule updates. The other main finding is that
semantic log understanding plays an important role.
Cloud-native environments create logs from a wide
variety of components, including containers,
Kubernetes control planes, sidecar proxies, load
balancers, storage systems, and many others. These logs
are full of contextual information but in many cases are
unstructured and come in a wide variety of formats. The
framework's semantic parsing module bridges this gap
by successfully extracting meaningful structured
representations out of heterogeneous log sources. This
discussion underlines the fact that IDS systems in the
future will rely on NLP-driven log semantics rather than
pattern matching to enable deeper contextual awareness
with fewer false alarms rooted in ambiguity in logs.
Additionally, the discussion also highlighted the
importance of microservice awareness in intrusion
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detection. Cloud workloads are commonly treated as
monolithic by traditional IDS and dismiss the intricate
dynamic relationships among microservices. However,
service interactions such as API calls that should not
occur, unexpectedly unusual flows of traffic, or
fundamentally unexpected changes in the dependency
graphs are a good indication of both lateral movement
and application compromise. By modeling the
interaction of services through dynamic graphs and
applying GNN-based anomaly detection, the framework
can capture cloud-native threat signals that cannot be
detected by legacy IDS. This therefore underlines the
increasing demand that exists for microservice-aware
intrusion detection systems that would map complex,
distributed architectures at runtime. Explainability
comes out strongly as a relevant theme, discussed with
the inclusion of the knowledge graph-based threat
reasoning. One of the chief complaints against current
ML-powered IDS solutions pertains to the criticism that
they work like "black boxes." Security teams struggle to
take action on alerts that do not have contextual
explanations. The knowledge graph layer solves this
through the mapping of anomalies to adversarial tactics
within familiar frameworks such as MITRE ATT&CK,
which fills a gap between machine-learning outputs and
human-understandable threat intelligence. This helps
increase analyst trust in the system, incident triage
speed, and quality of decision-making. The discussion
strengthens the fact that interpretability is not optional
but an essential component for the operational adoption
of AI-driven security tools. Further, the discussion
elaborates upon the scalability results of the framework,
indicating its suitability for real-world cloud settings.
Cloud-native infrastructures produce logs in large
volumes, often over millions of entries per second.
Ensuring horizontal scaling using Kubernetes
autoscaling, distributed log ingestion pipelines, and
parallel inference nodes will ensure reliable
performance under production workloads. This
indicates that cloud-native IDS designs need to fully
embrace principles of distributed computing to achieve
operational viability. The scalability result further
provides evidence that FL improves scalability across
organizations by collaboratively training models
without compromising data privacy. Another important
discussion pertains to the aspect of privacy and multi-
tenancy. In cloud settings, tenants must isolate their data
due to regulatory and confidentiality reasons. FL with
secure aggregation provides a solution by allowing
tenants to collaboratively improve the global model
while maintaining local data decentralized. This
approach addresses a significant barrier in building IDS

systems for shared infrastructures-data sharing
restrictions-while enabling collective defense. The
discussion underlines that privacy-preserving learning
techniques will be at the center of cloud security
architectures increasingly. While the proposed
framework provides strong benefits, the discussion also
addresses several challenges and limitations. One
limitation is the computational cost associated with
transformer-based log encoders, which may require
specialized hardware for optimal performance.
Although efficient variants of transformers mitigate this
issue, extremely large-scale deployments may need
further optimization. Another challenge is the potential
difficulty in tuning anomaly detection thresholds,
particularly in highly dynamic environments. Without
proper calibration, even advanced models can
misinterpret sudden but benign operational changes
during deployments, migrations, or autoscaling events.
The discussion suggests that adaptive thresholding or
reinforcement learning–based tuning mechanisms could
help address this challenge in future work. The dynamic
nature of cloud infrastructure also poses challenges for
graph-based modeling. Microservice dependency
graphs change frequently as services scale up or down,
roll updates, or change routing patterns. Maintaining
up-to-date dependency graphs requires real-time tracing
and efficient graph refresh strategies. While the
framework handles this well, extremely complex
architectures with thousands of microservices may
require hierarchical graph partitioning techniques to
remain efficient. Another important dimension of the
discussion relates to security of the IDS itself. Attackers
might attempt adversarial manipulation of logs,
poisoning of local federated learning models, or
exploitation of API endpoints. The framework partially
mitigates these risks through secure communication
channels, encrypted model updates, and robust log
validation. However, additional research into
adversarial defenses—such as adversarial training or
Byzantine-resilient federated techniques—would further
strengthen its security posture. The discussion also
considers the implications of automated response
mechanisms. Automating responses such as
quarantining containers or blocking IPs greatly reduces
reaction time but requires careful design to avoid
disrupting legitimate workloads. A balance between
manual oversight and automated action must be
maintained. In production environments, automated
actions are typically limited to high-confidence
anomalies, while ambiguous cases may require manual
validation. Overall, the discussion clearly shows that the
proposed framework represents a major advancement in
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the field of cloud security. It brings together multiple
advanced technologies—semantic log parsing, self-
supervised learning, GNN-based interaction modeling,
knowledge graph reasoning, and federated privacy-
preserving learning—into a cohesive system tailored for
modern cloud infrastructures. The high degree of
accuracy, low false positives, strong scalability, and
enhancement in interpretability make this framework
highly suitable to be adopted by enterprises, cloud
providers, and managed security platforms. These
results reinforce the paradigm that future IDS solutions
must be cloud-native, AI-driven, distributed, and
explainable in order to offset sophisticated cyber threats
in emerging cloud environments effectively.

VI. CONCLUSION
The development of the Cloud-Native Intrusion
Detection Framework with Log Analysis for Threat
Detection shows promising improvements in modern
cybersecurity, especially for high-scale, multi-tenant
cloud environments. Traditional IDS models are no
longer good enough when considering rapidly changing
cloud architectures characterized by ephemeral
workloads, microservices, container orchestration, and
distributed network interactions. The proposed
framework overcomes such limitations by integrating
semantic log analysis, dynamic microservice interaction
modeling, self-supervised anomaly detection,
knowledge-graph reasoning, and federated learning into
a unified cloud-native security solution. Such a holistic
approach ensures that the framework identifies
malicious activities with high precision while
continuously adapting to the dynamic nature of cloud
operations. Among the key takeaways from this work is
the conclusion that context-aware detection forms the
backbone for effective cloud security. In contrast to
classical IDS approaches that analyze packets or logs in
isolation, the proposed system interprets system
behavior by means of semantic log parsing and
behavioral modeling. This gives extensive insight into
how services are interacting, workloads evolve over
time, and how threats propagate. By representing logs
as structured semantic vectors and modeling service
dependencies over time, the framework detects
anomalies that traditional systems routinely miss. Thus,
the conclusion is loud and clear: context-aware security
in modern cloud-native environments is not a luxury but
a burning need. Another major improvement consists of
the incorporation of self-supervised anomaly detection.
Cloud environments are too dynamic and complex to
trust rulebased or signature-based detection methods.
The proposed self-supervised model learns patterns of

normal operations without requiring labeled data, hence
allowing it to detect unknown, zero-day, and
polymorphic attacks. This adaptiveness is so
fundamental to keeping up the pace with adversaries
who keep evolving their attacking techniques on a
continual basis. This suggests that, in the long run, the
basis of intrusion detection systems, especially large-
scale cloud infrastructures where labeled datasets are
impractical to obtain, will be self-supervised and
unsupervised methods. The most important contribution
of the framework's knowledge graph–based reasoning
engine involves significantly improved interpretability
and, with that, operational usefulness. In particular, by
mapping anomalies to adversarial tactics defined in
frameworks such as MITRE ATT&CK, the system
provides actionable insights for analysts rather than
cryptic anomaly scores. This capability shortens
investigation times and allows more precise, informed
decision-making. The conclusion is that explainability
must be deeply integrated into AI-based IDS solutions if
there is to be any hope of trusting it and responding
efficiently to incidents. Scalability is another strong
defining feature of the proposed system. With millions
of logs generated every second on cloud platforms, any
viable IDS would have to scale horizontally, process
data in parallel, and maintain latency as low as possible.
By being cloud-native, the system design uses
Kubernetes, distributed log ingestion tools, and scalable
inference pipelines that enable it to perform reliably
under production-level loads. Another benefit of using
microservice design principles is modularity and fault
tolerance. The conclusion is quite straightforward: IDS
frameworks of the future need to be inherently cloud-
native by design, not retrofitted after their development.
As one of the most well-known concerns in cloud
security, tenant data privacy was another important area
covered through the implementation of federated
learning with secure aggregation. Organizations are
very often bound by legal, ethical, and compliance
restrictions that prevent them from sharing sensitive
logs. Federated learning enables collaborative
improvements of model quality without exposing raw
data. This fosters collective security intelligence while
preserving confidentiality. The bottom line is quite
obvious: intrusion detection in shared cloud
environments will require machine learning algorithms
that preserve privacy; shared defense mechanisms
should be used by multiple tenants without data
protection requirements violations. Of course, despite
these competitive edges, the framework also brings up
challenges and areas for future improvement.
Continuous optimization of transformers and GNN
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models remains necessary in order to maintain real-time
semantic parsing and anomaly detection on a large scale.
These models seek a balance between computational
efficiency and detection accuracy-a subject of
continuous research. In addition, the framework must
consider adversarial threats that target the IDS itself,
such as poisoning attacks in federated learning or
obfuscation attempts in logs. Overcoming these
challenges will require deeper integration of the
defenses against adversarial attacks, more robust
federated strategies, and state-of-the-art model
hardening techniques. Another important conclusion is
the need for hybrid human–machine collaboration.
Although the system carries out automated detection
and provides explanations in context, human analysts
remain essential for validating ambiguous cases,
refining threat intelligence, and orchestrating complex
response activities. Future incarnations of the system
could incorporate reinforcement learning to enhance
automated responses, or include adaptive feedback
loops whereby analysts guide model refinement directly.
The framework also creates opportunities for extending
intrusion detection beyond cloud logs. Incorporating
signals from runtime behaviors, syscall tracing,
container security agents, and network telemetry will
form a single, multi-layer defense system. Future
enhancements might incorporate edge-AI components
for detecting threats closer to source or utilize graph-
based forecasting models that predict potential attack
paths before they occur. The Cloud-Native Intrusion
Detection Framework with Log Analysis provides a
powerful, scalable, and adaptive solution that fits the
profile of modern cloud environments. It overcomes the
long-standing limitations of traditional IDS by
combining advanced machine learning, distributed
systems engineering, and knowledge-driven reasoning.
The system ensures high detection accuracy at low false
positives with high interpretability and strong privacy
guarantees. Its architecture serves as a benchmark for
next-generation cloud security solutions capable of
sustaining the sophistication and scale of contemporary
cyber threats. Finally, the project proves that intrusion
detection's future is in combining cloud-native design
principles with AI-driven intelligence and forming a
resilient and continuously evolving defense system for
the digital age.
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